In this paper, we develop a methodology to assess potential losses to the government that could arise from bank failures. The approach is intended to be simple, parsimonious, and used in real time. It generates an index that we call the banking sector contingent liability index (BCLI), based on the banking sector's size, concentration, diversification, leverage, and riskiness of assets. The index is illustrated for 32 advanced and emerging market economies from 2006 to 2013, as well as a group of banks including global systemically important banks (G-SIBs).
I. INTRODUCTION
History suggests that banking crises are often followed by sovereign debt crises (Reinhart and Rogoff, 2009) . Most recently, the global financial crisis and the euro area debt crisis have highlighted that banking sector problems in a country can lead to large sovereign debt problems. For instance, the gross fiscal cost of supporting troubled banks in Iceland and Ireland exceeded 40 percent of GDP, well above the standard 10 percent of GDP contingent liability shock assumed in public debt sustainability analyses.
To the extent that banking problems generate fiscal costs, a bank can be seen as a contingent liability for the government. The problem with contingent liabilities, however, is that they are recognized only after they materialize. What is needed is a way to track how these contingent liabilities are changing, whether they materialize or not. That would give a better sense of the risks that may transmit to the government's balance sheet, if and when a bank falls under stress and the government has to step in to support it.
In a recent paper (Arslanalp and Liao, 2014) , we showed that an index designed to track bank-related contingent liabilities could explain part of the variation in sovereign credit default swap spreads for a panel of countries from 2006 to 2013. In this paper, we provide the final version of this index, along with a step by step explanation of how it can be calculated for a group of major advanced and emerging market economies. In doing so, we hope others can replicate the index and use it for their own purposes.
Towards that goal, the first part of the paper develops a methodology to assess potential losses to the government that could arise from bank failures. In particular, the approach treats the liabilities of each bank as having an implicit guarantee from the government and the liabilities of the banking sector as a portfolio of guarantees. 2 The expected and unexpected costs of the guarantees can then be calculated, based on the likelihood of government support. We show that these costs are a function of the size, concentration, diversification, leverage, and asset riskiness of the banking sector.
The expected and unexpected costs are then summarized in an index that we call the banking sector contingent liability index (BCLI). The BCLI is an index of the fiscal risks that could be created by banks (in percent of GDP) under an adverse scenario defined as a two-standard deviation event. When the banking sector is diversified and has many banks, the BCLI can be interpreted as the government's "value-at-risk" at the 5 percent likelihood level.
The second part of the paper shows how the BCLI can be constructed for 32 advanced and emerging market economies on a monthly basis. It illustrates its use for individual countries and groups of banks. It also shows that countries with relatively high BCLIs were more likely to experience larger fiscal costs during and after the global financial crisis.
The paper is organized as follows. Section II provides some background on past banking crises and fiscal costs. Section III describes the construction of the BCLI. Section IV illustrates the BCLI for 32 advanced and emerging market economies. Section V concludes.
II. CONTINGENT LIABILITIES, BANKING CRISES, AND FISCAL COSTS
Contingent liabilities are obligations entered into by government commitments, which can materialize based on the occurrence of an uncertain future event (IMF, 2001) . Depending on the commitment, contingent liabilities can be either explicit or implicit. Explicit liabilities are created by a law or contract, while implicit liabilities are obligations of the government that reflect public interest or special-interest group pressures (Cebotari, 2008) .
Among all contingent liabilities, those related to bank failures constitute one of the most important sources of fiscal risk for governments. Contingent liabilities related to banks include both explicit guarantees, such as deposit insurance programs, and implicit guarantees, such as guarantees on bank debt that may be provided during a banking crisis.
Fiscal costs related to bank bailouts often arise from such guarantees, as they become necessary to limit contagion and loss of confidence in the banking system (Claessens and Klingebiel, 2002) . For instance, during the global financial crisis, the European Union (EU) countries approved guarantees on bank liabilities totaling 30 percent of 2011 EU GDP from the first quarter of 2008 to the third quarter of 2012, with Ireland providing guarantees of about 250 percent of 2011 GDP (Correa and Sapriza, 2014) . Similarly, in 2008, the U.S. authorities adopted the Debt Guarantee Program that guaranteed newly issued senior debt of banks, providing debt guarantees in excess of $600 billion.
When the government decides to backstop the banking sector, fiscal costs often arise, either in the form of bank recapitalization or bank resolutions costs (depending on whether the bank remains viable or not). International experience based on banking crises in 70 countries from 1970 to 2011 suggests that, fiscal costs, on average, have been in the order of 12 percent of GDP, while for the top ten percentile the cost has been more than 30 percent of GDP (Laeven and Valencia, 2013) . Costs were higher especially when the banking crisis was accompanied by a currency crash (Hoggarth, Reis, Saporta, 2002) . In turn, banking crises were often followed by sovereign debt crises (Reinhart and Rogoff, 2009 ).
Given that a country's banking sector can create significant fiscal risks, it is important to produce estimates of the value of bank-related contingent liabilities. A recent OECD survey (Schich and Aydin, 2014) highlights that country authorities have not settled on the best way of measuring such liabilities. Towards that goal, the next section develops a measure that is intended to be simple, parsimonious, and used in real time.
III. A MODEL OF CONTINGENT LIABILITIES
In this section, we develop a methodology to assess potential losses to the government that could arise from bank failures. In particular, the approach treats the liabilities of each bank as an implicit guarantee of the government and liabilities of the banking sector as a portfolio of guarantees. The guarantees are implicit because they are triggered only in the event that a bank falls into distress and the government is willing and able to support the bank.
The expected and unexpected costs of the guarantees can then be calculated, based on a standard portfolio credit risk approach. The expected cost reflects the average cost of the guarantee being called, while the unexpected cost represents the volatility, or standard deviation of potential losses to the government. We consider both costs, as looking only at the expected cost would miss the range of losses associated with the contingent liability.
A. Contingent Liability Related to a Single Bank
We define a government's contingent liability related to a bank failure as follows:
Where:
l it represents the total non-equity liabilities of bank i at time t, in percent of GDP.
pd it is the probability that bank i falls into distress at time t. As will be explained later, this will be a function of the leverage and asset riskiness (i.e. volatility) of the bank.
pss it is the probability of state support to bank i, conditional on the bank falling into distress.
is the average loss given government support per dollar of bank liability. The losses reflect either resolution or recapitalization costs, as the bank writes down its assets to market value.
The expected cost of this implicit public guarantee can then be calculated as follows: (2) Similarly, the unexpected cost of the guarantee (as measured by the standard deviation of potential losses) can be calculated as follows:
B. Contingent Liability Related to the Banking Sector
Suppose now there are N banks in the banking system. The government's contingent liability related to the whole banking system can then be expressed as follows:
For the time being, suppose that the likelihood of a bank falling into distress is independent of other banks falling into distress (i.e., are independent draws). In that case, the expected cost of the contingent liability ( can be expressed as follows:
Similarly, the unexpected cost can be calculated as follows:
For a non-concentrated banking system, where all banks are of identical size ( / ), equations 6 and 8 can be simplified to:
Moreover, if banks have identical probabilities of distress and state support, equations 9 and 10 further simplify to:
Importantly, the last two equations show that when a banking system becomes less concentrated (N↑), the unexpected cost (UL) of the public guarantee declines at a pace determined by the number of banks (by specifically), while the expected cost (EL) remains unchanged.
C. Contingent Liability when Bank Distress is Correlated
Let us now lift the assumption of uncorrelated bank failures. Suppose now that banks are more likely to fail at the same time either because they have balance sheet linkages, common exposures, or similar business models. In that case, and are no longer independent draws, but dependent variables with a correlation coefficient of, say, ρ .
The possibility of joint bank failures does not change the expected cost (EL) of the guarantee, but alters the unexpected cost (UL). 5 In particular, equation 6 remains valid, but equation 7 needs to be modified as follows: 
D. Putting It All Together: The BCLI
Putting this all together, we define an index that we call the Banking Sector Contingent Liability Index (BCLI) as follows:
The index is defined this way for three reasons. First, the definition captures both the expected cost (EL) and the unexpected cost (UL) of the public guarantee, expressed in percent of GDP. Second, the definition allows an interpretation of the BCLI as an estimate of losses that may arise under an adverse scenario characterized as a two-standard deviation event, a useful metric in risk management. Third, when the banking sector is diversified and has many banks (i.e., when ρ is close to zero and N is large), the probability distribution of the contingent liability (CL) would start to resemble a normal distribution; in that case the BCLI can be interpreted as the government's "value-at-risk" at the 5 percent likelihood level.
Moreover, the BCLI, as defined above, would capture some of the key attributes of a banking sector. In particular, it would tend to rise, as the banking sector becomes larger (L↑), more concentrated (N ↓), less diversified (ρ↑), or more risky (pd↑) either because of higher leverage or higher asset volatility (Table 1) . 
L=banking sector size; N=number of banks in the system; ρ=distress correlation among banks; pd=probability of bank distress.
IV. ILLUSTRATION OF THE BCLI
An illustration of the BCLI using a particular set of data series as proxies for the variables in equation 14 is provided below.
A. Bank Liabilities (L)
For L, we use the "total adjusted liabilities" measure of bank liabilities, calculated by Moody's based on reported financial statements. These capture all bank liabilities, except equity, minority interest, and deferred taxes. It is a broad measure of bank liabilities that may receive protection under a government bailout, either due to explicit or implicit guarantees.
B. Probability of Distress (pd)
For pd, we use a probability of distress measure derived from equity markets, provided by Moody's-the Expected Default Frequency (EDF). Moody's EDF risk measure is one of the most widely used default probability metrics for corporates and financial institutions. It is an equity-market implied probability of distress based on the leverage and asset volatility of a firm. Because it is based on equity prices, it is available for a large sample of banks on a regular (most often daily) basis. 6 In all cases, we use the EDF over a 1 year horizon. Appendix 1 provides further details on the construction of the EDF, including how it differs from other equity-market implied models such as Merton (1974) that assume a normal distribution, as well as other measures based on bond or credit default swap (CDS) spreads.
C. Distress Correlation (ρ)
For ρ, we use a 12-month rolling window correlation of pair-wise EDFs. The more similar the business models of banks are, the higher should be the correlation of their EDFs, and the likelihood of falling into distress at the same time.
D. Probability of State Support Given Distress (pss)
For pss, we use the Fitch Support Ratings, following IMF (2014) and Ueda and Weder di Mauro (2013) . In particular, we rely on the Support Ratings (SRF) and Support Rating Floors (SRFs) that Fitch provides for each rated bank, which together reflect the rating agency's view on the ability and propensity of the sovereign to provide support to the bank in the event of distress. When a bank does not have an assigned support rating, we use the average support rating for other banks in the bank's home country.
E. Loss Given State Support (α)
For α, we use a relatively conservative assumption of 20 percent loss per insured liability. The assumption is informed by findings of Valencia (2010, 2013) who show that the gross fiscal cost of bank bailouts have historically been in the order of 20 percent of bank assets for emerging and developing economies (although somewhat less for advanced economies).
7 It is also motivated by the fact that during periods of widespread bank failures, it is often difficult to sell assets of failed banks at attractive prices because other banks are also experiencing financial constraints (Shleifer and Vishny 1992; Allen and Gale 1994) .
F. Country Estimates
Using the data sources listed above, we construct the BCLI for 258 banks in 32 countries. The banks are selected to capture at least half-and usually more than 80 percent-of the national banking system in each country (i.e. excluding foreign subsidiaries), as expressed in terms of total assets.
The sample includes all global systemically important banks (G-SIBs) as of November 2014, except for ING Bank. For the U.S., the sample includes all banks that participated in the 2011-13 stress testing exercise under the Comprehensive Capital Analysis and Review (CCAR), with the exception of Ally Financial (previously General Motors Acceptance Corporation, or GMAC). The countries in the sample include 23 of the 29 jurisdictions that are deemed to have systemically important financial sectors by the IMF as of end-2014. 8 7 In the latest banking crisis in Ireland, for example, the gross fiscal cost of public support measures (40 percent of GDP) amounted to16 percent of insured bank liabilities (250 percent of GDP). In the U.S., for which data on bank failures are available since the 1930s, the median loss rate in bank failures has been about 20 percent of the assets of failed banks (see Figure 8 in Laeven and Valencia, 2010) .
Overall, for advanced economies, the sample covers 148 banks with total consolidated assets of around $65 trillion, as of end-2014. For emerging markets, it covers 110 banks with total assets of around $20 trillion as of end-2014. Appendix 3 provides the full list of banks in the sample. Figure 1 presents the calculated BCLI for all countries in the sample divided in six groups from 2006 to 2013.
A general trend across all countries is the rise in bank-related contingent liabilities during the global financial crisis of 2008-09. In the index, there is also a noticeable second rise during the euro zone crisis of 2011-12, though this rise is more clearly noted in European countries (Figure 1 ).
Among major advanced economies, the rise in the BCLI following the global financial crisis was most pronounced in Germany, France, and the U.K. (Figure 1 ). In these countries, the BCLI remained elevated as of end-2013, compared to pre-crisis levels, as a result of total bank liabilities remaining high, and perceived probabilities of state support being on the whole higher (Figure 2 ). In contrast, in the U.S., and to a large extent in Japan, the BCLI returned to pre-crisis levels.
Among other euro area countries, the rise in the BCLI was most pronounced in Ireland at the time of the global financial crisis, and in Greece, Portugal, as well as in Austria, Italy, and Spain during 2011-12. In all these countries, the BCLI declined substantially following the euro zone crisis of 2011-12, but remains elevated compared to pre-crisis levels, as total bank liabilities remain above pre-crisis levels with the exception of Ireland, and probabilities of bank distress still remain relatively high in some cases (Figure 2 ). At the same time, the likelihood of state support is assessed to be lower now, partly driven by the reduced sovereign debt ratings in these countries which affect the government's ability to support the banking system (Figure 2 ).
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Among other European countries, the rise in the BCLI was the largest in Switzerland, followed by Denmark and Sweden (Figure 1 ). Like euro area countries, contingent liabilities have declined substantially in these countries after the euro zone crisis of 2011-12, but still remain elevated compared to pre-crisis levels, despite the fact that total bank liabilities have declined significantly in Switzerland (Figure 2 ).
Among other advanced economies, the rise in the BCLI was most pronounced in Singapore, while it remains elevated in Australia, Canada, and Korea ( Figure 1) ; this is so because total bank liabilities have risen (especially in Singapore), and the likelihood of state support to large banks, as assessed by Fitch, remains high (Figure 2) . Among major emerging market economies, the rise in the BCLI was most pronounced in China and more recently India; it also rose in Brazil and Turkey but from relatively low levels ( Figure 1 ). The behavior of the BCLI in China was driven by rising total bank liabilities, elevated probabilities of bank distress, and high perceived likelihood of state support (Figure 3) , given government ownership of the banking system is high.
Among other emerging market economies, the rise in the BCLI was most pronounced in Malaysia and Thailand, but remained relatively low for Chile and Colombia (Figure 1 ), reflecting the generally smaller banking systems and lower bank distress probabilities in those countries (Figure 3 ). Finally, we show that countries with relatively high BCLIs indeed experienced larger fiscal costs due to bank support measures following the global financial crisis. Figure 4 shows the largest fiscal costs associated with bank support measures during 2007-2011 for our sample of countries. These come from a comprehensive database on systemic banking crises that includes information up to 2011 (Laeven and Valencia, 2013) . Among the eight countries that experienced the largest fiscal costs include six of the countries identified by the BCLI as having relatively high contingent liability risk. The large overlap between the two groups suggests that the BCLI would have been a useful indicator to identify and rank order countries in terms of their contingent liability risk during the global financial crisis. 10 Similarly, in Arslanalp and Liao (2014) , we find that changes in the BCLI have a statistically significant impact on sovereign CDS spreads for a panel of advanced and emerging market economies (using an earlier version of the BCLI). 
G. Bank-by-Bank Estimates
The BCLI can also be used to assess the contribution of individual banks to the overall risk index. For example, Figure 5 shows the contribution to overall risk of the 4 largest Australian banks-Australia and New Zealand Banking Group, Commonwealth Bank of Australia, National Australia Bank and Westpac Banking Corporation-and that of the other banks in Australia (see Appendix Table 2 for the full sample). Given their relatively large size in the banking sector, Australia has a long-standing policy (the "four pillars" policy) that effective rejects any mergers between these four banks.
To estimate their marginal contribution to the BCLI, we took out each bank at a time from the full country sample and calculated the amount of the decline in the BCLI as a result. This decline is attributed to each bank's contribution to the overall contingent liability risk.
The exercise allows us to show that in Australia the four largest banks account for the bulk of the contingent liability risk as captured by the BCLI (Figure 5 ), although the overall BCLI for Australia is relatively low compared to that of other advanced economies (Figure 1 ). 
H. Global Systemically Important Banks (G-SIBs)
Another possible application of the BCLI is to monitor the contingent liability related to all (or a group of) large global systemically important banks (G-SIBs). This could be useful from a global banking regulatory perspective, including monitoring the impact of Basel III reforms aimed at reducing implicit government support available to systemic banks.
In that context, Figure 6 shows the estimated contingent liability risk (in U.S. dollars) related to 30 banks categorized as G-SIBs by the Financial Stability Board as of November 2014, except for ING Bank for which we do not have data. 11 The figure shows that these liabilities started rising in late 2007, reached a peak in March 2009, and has been declining since then (except for 2011, when the euro area debt crisis erupted).
The decline in the BCLI since the global financial crisis can be attributed to a number of factors that feed directly into the calculation of the BCLI, namely the deleveraging and derisking of banks' balance sheets (L and pd), reduced distress correlation among banks (ρ), and lower perceived state support (pss), as assessed by rating agencies. In turn, some of these can be tied to recent regulatory efforts such as the European Union's Bank Recovery and Resolution Directive (BRRD) aimed to reduce the probability of state support. 11 To aggregate the BCLI across countries for this exercise, we calculate the BCLI using total bank liabilities (l it ) expressed in U.S. dollars, rather than in percent of home country GDP. 
I. Limitations of the BCLI
There are three main limitations of the BCLI. First, the BCLI does not (and is not meant to) provide a measure of all costs (direct and indirect) of bank crises, only the direct costs of fiscal outlays committed to bank support operations. Second, the BCLI does not attempt to provide a measure of the net fiscal cost (after asset recoveries) of fiscal outlays, only their upfront gross cost. Third, to the extent that there are measurement errors in the proxies used in the construction of the BCLI (in particular on probability levels), the BCLI may overstate or understate the true contingent liability. However, even if that is the case, as we showed in the previous section and discuss further below, the BCLI can be a useful tool for rankordering countries or monitoring changes in contingent liabilities over time.
Wider costs of a banking crisis. The BCLI captures only the direct fiscal cost of bank failures. It does not try to capture the wider damage to the economy from a banking crisis in terms of the loss of output and loss of government revenues. These "indirect" costs could be substantially larger than the direct costs in terms of their magnitude and contribution to the rise in public debt levels after a banking crisis (Laeven and Valencia, 2013) .
Net cost versus gross cost. Similarly, the BCLI provides an estimate of the upfront gross fiscal cost, not the eventual "net" cost of bank support operations. In some cases, public intervention in banks can generate significant upside. For example, the U.S. authorities have recovered more than the full cost of their initial public support to the financial system in 2008-09. In contrast, the U.K. has recovered only about a quarter of the cost, as of end-2014 end- (IMF, 2015 . In practice, it is difficult to know how much will be recovered after a bank bailout. Hence, we do not attempt to capture the recovery rate in the BCLI.
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Potential measurement errors. Of course, any summary index is sensitive to the proxies used in constructing the index. Therefore, we do not propose the BCLI as a substitute for judicious consideration of all risk indicators. Nevertheless, as we show in the previous section, the BCLI appears to be a useful tool for rank ordering countries in terms of their contingent liability risk. Moreover, even if some of the proxies used in the index may be over (or under) stated, their trends can provide important information on the evolution of banking sector risks. 13 That is also why we recommend using the BCLI in empirical studies in first differences (see Arslanalp and Liao, 2014) .
V. CONCLUSION
In this paper we have developed an indicator, the BCLI, to assess potential losses to the government that could arise from bank failures and have illustrated its use for individual countries and groups of banks. Going forward, there could be a number of applications of this work.

First, partly because contingent liabilities from banks are difficult to gauge, empirical studies on the relationship between contingent liabilities and sovereign risk have been limited, as we highlight in Arslanalp and Liao (2014) . This paper takes a step toward filling this gap by providing an index that could be used for further empirical studies.
 Second, the BCLI could be a useful surveillance tool for monitoring risks to public debt sustainability. Indeed, a recent IMF survey of 117 countries (IMF, 2015) found that (i) measuring risks to public debt from the financial sector is not adequately done prior to the materialization of risks; (ii) assessing implicit contingent liabilities is typically only done under special circumstances; and (iii) while governments seem to have adequate access to information about financial sector risks, the link to public finances is rare even in countries with high public debt, large and leveraged banking sectors, or with history of banking crises.
 Third, the BCLI could help assess the impact of bank regulatory reforms aimed at reducing implicit government support available to banks. For example, the European Union's Bank Recovery and Resolution Directive (BRRD) that comes into effect on January 2016 should reduce the probability of state support (pss), while initiative such as the Financial Stability Board (FBS)'s total loss-absorbing capacity (TLAC) rule should reduce the loss given default (α) parameters of our index. 14 As a result, such regulatory reforms should show up as a decline in the BCLI.
Finally, since the methodology behind the BCLI is quite general, the approach can be extended beyond banks to create an index to track contingent liability risks from corporates, including state-owned enterprises and quasi-sovereign entities. This may be useful for countries where the corporate-sovereign nexus is strong, or likely to become stronger due to rising corporate sector vulnerabilities.
Appendix 1. Moody's Expected Default Frequency (EDF)
EDF is a credit risk measure calculated by Moody's to assess the probability that a firm will default over a specified period of time, typically one year. According to the Moody's EDF model, a firm defaults when the market value of its assets (the value of the ongoing business) falls below its liabilities payable (the default point).
There are three key values that determine a firm's EDF credit measure: (i) the current market value of the firm (market value of assets); (ii) the level of the firm's obligations (default point); and (iii) the vulnerability of the market value to large changes (asset volatility).
The market value of assets is determined by the firm's equity value, equity volatility, and liability structure. Because the market value of assets is not directly observable, Moody's employs a Merton (1974) type of model to compute this value, which treats the firm's equity value as a call option on the firm's underlying assets. The default point is the level of the market value of a company's assets, below which the firm would fail to make scheduled debt payments. The default point is firm specific and is a function of the firm's liability structure. It is estimated based on the ongoing research by Moody's, observing each firm's default point at the time of default. 15 The asset volatility of the firm is a measure of the business risk of the firm. It is measured by the standard deviation of the annual percentage change in the market value of the firm's assets. The riskier the business model of the firm, the higher the asset volatility, and the more likely the firm's value will fall below its default point.
The EDF credit measure exhibits a number of properties that distinguishes it from other measures of distress probability. In particular:
 First, EDF measures-because they are based on equity markets-are dynamic and forward-looking, in contrast to measures that rely on backward-looking indicators, such as balance sheet or accounting data.
 Second, EDFs are calibrated to actual default rates. 16 Specifically, the relationship between the EDF and distance to default (i.e., the number of standard deviations between the market value of assets and the default point) is not assumed to be a normal distribution, as in the Merton (1974) model, but mapped to historical default rates. As such, it is intended to capture tail risk events more appropriately. For example, a firm with a distance to default of four has a near zero (0.003 percent) likelihood of defaulting under the normality assumption, whereas the EDF's empirical mapping indicates a 0.4 percent probability of default (Moody's, 2012) .

Third, EDFs reflect "actual" default probabilities, as opposed to "risk-neutral" default probabilities derived from credit default swap (CDS) or bond spreads. As discussed in Hull (2000) , "risk-neutral" probabilities of default are appropriate for asset pricing, but only "actual" probability measures, such as EDFs, should be used as a measure of potential losses. This is because "risk-neutral" default probabilities incorporate a compensation for price of risk, and hence, are almost always higher than actual default rates.  Finally, CDS or bond spreads would understate the true probability of bank distress, if there is an expectation that the government would bail out bank creditors, but not equity holders. EDF measures are largely free of that effect, as they are based on equity prices and government support to banks usually exclude shareholders.
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A number of empirical studies have been undertaken to evaluate the accuracy of EDF as a credit risk indicator. Bohn and others (2005) test the performance of EDF measures in the U.S. during 1996-2004, and find that EDF is a superior measure to other credit risk measures, such as credit ratings, z-scores, and simpler versions of the Merton (1974) model. Sellers and Arora (2004) find that over this period the accuracy ratio for EDF was 0.83 while the ratio for credit ratings was 0.73. Duffie, Saita, and Wang (2007) find that a more elaborate default prediction model using covariates other than distance to default achieves an accuracy ratio that is only slightly higher than that of the EDF during 2000-04.
These results are not only exclusive to non-financial firms. Munves, Smith, and Hamilton (2010) explore the performance of the EDF model for financial institutions and find that EDF measures worked well in rank ordering defaulters during the global financial crisis: financial institutions that subsequently defaulted had high EDFs relative to their peers. Harada, Ito, and Takahashi (2010) examine the movements of the distance to default (DD)-the distance between the market value of assets and the default point divided by the standard deviation of assets-of eight Japanese banks that failed Japanese banking crisis. They find that the DD was generally a reliable measure in predicting bank failures: the DD became smaller in anticipation of failure in many cases, and the DD spread, defined as the DD of a failed bank minus the DD of sound banks, also provided a useful indicator. Crossen and Zhang (2011) find that the EDF model's predictive power during the post-crisis period (2008-10) was consistent with its previous history (2001-07), outperforming alternative risk measures, including credit ratings. If anything, they find that EDF levels were conservative (i.e., somewhat higher than subsequently realized default rates) before the crisis when compared with later-realized default rates.
Appendix 2. Fitch's Support Ratings
Fitch's Support Ratings (SRs) reflect the rating agency's view on the likelihood that a financial institution will receive extraordinary support, in case of need, to prevent it defaulting on its senior obligations (Fitch Ratings, 2013) . Extraordinary support typically comes from one of two sources: the rated entity's parent/shareholders (institutional support) or the national authorities of the country where it is domiciled (sovereign support).
SRs are assigned on a five-point scale, with 1 representing an extremely high probability of support, and 5 indicating that support cannot be relied on. SRs do not assess the intrinsic credit quality of a bank. Rather they communicate Fitch's judgment on whether the bank would receive support should the financial institution become distressed. They are predicated on the assumption that any necessary support is provided on a timely basis and is sufficiently sustained so that the bank being supported is able to continue meeting its senior obligations, such as secured and unsecured senior debt and insured and uninsured deposits, until the crisis is over (Fitch Ratings, 2014) .
Support Rating Floors (SRFs) reflect Fitch's view about the likelihood that the rated entity will receive extraordinary support, in case of need, specifically from government authorities. SRFs therefore do not capture the potential for institutional support from the entity's shareholders. They are assigned where Fitch believes the most likely source of potential extraordinary support is government authorities, rather than the bank's shareholders. SRFs are assigned on the "AAA" rating scale. Where there is no reasonable assumption that sovereign support would be forthcoming, an SRF of "No Floor" is assigned.
SRFs are determined based on three factors: (i) sovereign's ability to support; (ii) sovereign's propensity to support the banking sector; and (iii) sovereign's propensity to support a specific financial institution. The propensity to support is a judgment made by Fitch, while the ability to support is set by the sovereign's own default rating. Global regulatory initiatives to reduce implicit government support to banks are also factored into the SRs and SRFs to the extent that they affect a government's ability or propensity to provide timely support.
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19 A recent example is from Fitch Ratings' press release on August 27, 2014 regarding Singapore's three largest banks (DBS, OCBC, and UOB): "The SRs and SRFs for the three Singapore banks reflect Fitch's view that the state is extremely likely to provide extraordinary support to the banks, if necessary. This is due to their high systemic importance, with around 60 percent of the Singapore-dollar deposit base, and the sovereign's strong financial ability to provide support, based on its 'AAA' ratings. A change in the government's ability or propensity to provide timely support would be negative for the three banks' SRs and SRFs. This may be triggered by global regulatory initiatives aimed at reducing implicit government support available to banks." We map SRFs into probabilities of state support (pss), as shown in Appendix Table 1 . An SRF of "AAA" translates into a pss of 1, given the extremely high probability of external support assessed by Fitch. In contrast, an SRF of "No Floor" is assigned a pss of 20 percent, given Fitch's guidance (Fitch Ratings, 2013 ) that a No Floor rating reflects a probability of support of less than 40 percent (we took the average between 0 and 40 percent given that "No Floor" could represent any probability below 40 percent). Meanwhile, a rating of "C"-a notch above the "No Floor" rating-gets a pss of 40 percent. All other ratings are assigned a pss ranging from 0.4 to 1 through linear mapping. 
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